ABSTRACT In this paper, a hierarchical kernel extreme learning machine (HK-ELM) is proposed to solve the problem that the size of laser-induced damage (LID) cannot be accurately measured under the condition of inhomogeneous total internal reflection illumination. The proposed method overcomes the limitations of the radiometric method, which depends on a single factor to measure the size of damage. After analyzing the light scattering characteristics of LID with the finite-difference time-domain method, we find that we should consider the influences of multiple factors when measuring the size of damage under the condition of uneven illumination. The experimental results show that HK-ELM can achieve ultra-resolution measurements, and the mean relative error of the measured size predicted by HK-ELM is within 5% on the testing samples. Compared with the traditional technology, the method proposed in this paper effectively improves the measurement accuracy.
I. INTRODUCTION
The final optics assembly (FOA) is located at the output end of an inertial confinement fusion (ICF) experimental device, and each FOA contains several large-aperture optics. Laser-induced damage (LID, also called damage sites) is easily generated under 351 nm high-power laser irradiation [1] - [5] . The final optics damage inspection (FODI) system is an online imaging system for rapidly detecting the initiation of damage sites and tracking their growth, and we developed an FODI system for the SG-III laser facility at the China Academy of Engineering Physics (CAEP) [6] , [7] . Compared with NIF FODI, which was developed for the United States National Ignition Facility (NIF), SG-III FODI has many changes. For example, the size of the imaging and posture adjustment system (IPAS) in SG-III FODI is 0.35 m, which is less than half of the IPAS in NIF FODI. The use of a micro laser diode (MLD) simplifies the edge illumination system, and a new machine learning algorithm results in faster system processing and higher accuracy. As shown in Fig. 1(a) , the SG-III FODI system obtains images online in a vacuum target chamber, in which the distance between the FOA and FODI camera is generally in the range of 3.7 -5.1 m. The size of large-aperture final optics is 430 mm × 430 mm. The resolution of the SG-III FODI camera is approximately 110 µm at a working distance of 3.7 m and 140 µm at a working distance of 5.1 m. The CCD image format is 4872 × 3248 pixels with 12 bits, and the pixel size is 7.4 µm × 7.4 µm. As shown in Figs. 1(b) and 1(c), the SG-III FODI online image is a low-resolution image for the LID; however, it is required to be able to measure damage larger than 50 µm and ensure that the mean relative error (MRE) is within 15%. Therefore, directly measuring a LID on the surface of the optic with a diameter of less than 100 µm is not possible.
The size of LID is generally presented as the diameter of a circle whose area equals the LID, and it is abbreviated as d ECD . In NIF FODI, the FOA is equipped with homogeneous total internal reflection (TIR) illumination (TIR illumination is also called edge illumination), and with the help of the radiometric method, the scientists at Lawrence Livermore National Laboratory (LLNL) calculate the sum of all pixel intensity values (SumInt) of the measured site in the FODI image and then solve for the d ECD of LID [1] , [6] , [8] .
In SG-III FODI, the FOA is equipped with inhomogeneous TIR illumination. Compared to homogeneous TIR illumination, the advantages of inhomogeneous TIR illumination are as follows: low hardware requirements, easy to manufacture, low cost, small size of light source, and small footprint within the metal frame. However, the inhomogeneous TIR illumination introduces a new difficult problem when measuring the size of LID. In this case, the size of LID is not only related to the SumInt in the FODI image but also associated with other factors. However, the radiometric method considers that the size of LID is only related to SumInt and that the other factors are negligible. Thus, we need to find new ways to measure the size of LID.
At present, machine learning is widely used in the field of online inspection for tiny damage and has achieved many satisfactory results, such as the classification of true and false LIDs [9] , [10] and the classification of input and exit surface LIDs [11] . However, machine learning for regression is rarely encountered in the field of size measurement for tiny defects. Online inspection for tiny damage has a high requirement for timeliness, and it is also difficult to collect a large number of labeled samples. At present, most of the deep learning methods require a large number of training samples [12] - [15] , which is difficult to achieve in the field of damage inspection. Fortunately, in recent years, researchers have proposed and continually improved extreme learning machine (ELM), and in the case of small samples, it can still achieve good results for regression and classification problems [16] - [18] . We propose a new method combining the characteristics of tiny damage online inspection and the advantages of ELM. The hierarchical kernel extreme learning machine (HK-ELM) proposed in this paper takes a number of factors that characterize the damage sites in an FODI image into account. The input of HK-ELM is a feature vector that consists of these multiple factors, and the output of HK-ELM is a scalar that can be used to refer to the damage size. This method extracts more compact and meaningful data from the feature vector by the ELM sparse autoencoder, and then it places these compact and meaningful data into a kernel extreme learning machine (K-ELM) [16] , [19] , [20] . Using the powerful regression ability of K-ELM, we are finally able to solve for the corresponding damage size.
The remainder of this paper is organized as follows. Section 2 analyzes the limitations of the radiometric method in inhomogeneous TIR illumination and the necessity of machine learning in special cases of optical precision measurements, and then we propose a novel deep neural network using ELM. The experimental setup and result analyses are described in Section 3. Finally, we conclude the paper in Section 4.
II. THEORETICAL ANALYSIS
The SG-III FODI system uses edge illumination as an imaging technology, as shown in Fig. 2 , and each optic has two MLDs fixed in the metal frame as the illumination light source. The size of the MLD is length × width × height = 16 mm × 12 mm × 4 mm. The wavelength of the MLD illumination light is 808 nm, the divergence angle is 70 • , and the degree of light polarization is 0.9. The working luminous power is 1.58 W. In the case of a fused silica material vacuum isolator, the size is 430 mm × 430 mm × 10 mm. The refractive index of fused silica corresponding to a wavelength of 808 nm is 1.45319. For a non-damaged optic, the light emitted from the MLD is irradiated onto its inner surface, and the TIR propagates through the optic. When light is transmitted to the other border of the optic, the TIR condition will be disrupted and light will scatter to the outside. The light scattering caused by the surface roughness of the optic is processed by the bidirectional scatter distribution function (BSDF). The parameters of the metal frame and MLD are set according to the actual situation. The simulation results of the internal reflection illumination field distribution of the vacuum isolator were obtained using the Monte Carlo ray tracing method in TracePro simulation software (Lambda Research Corporation, Littleton, America), and these results are shown in Fig. 3 .
We capture an FODI image under the condition of inhomogeneous TIR illumination, calculate the SumInt of the damage sites in the FODI image, and measure the d ECD of the damage sites using a microscope. Fig. 4 shows the relationship between the SumInt and d ECD of 375 damage sites and the fitting curve, where the equation for the fitting curve is SumInt = 0.6537d 2.1571 ECD . As shown in this figure, the points on both sides of the curve are highly discretized. Using this equation to calculate the sizes of other damage sites in the FODI image will cause serious errors; thus, the radiometric method is no longer suitable under inhomogeneous TIR illumination.
As shown in Fig. 5 , the two LIDs are assumed to have the same shape, with one on the input surface of the inspected optic and the other on the exit surface. After the optic edge illumination is turned on, the TIR light inside the optic is disrupted at the LID, where diffuse reflection and diffuse transmission occur. For the LID on the exit surface, a fraction of the diffuse transmission light scatters to the FODI system, and thus, a bright spot is formed on the charge-coupled device (CCD). Meanwhile, for the LID on the input surface, a fraction of the diffuse reflection light scatters to the FODI system, and another bright spot forms on the CCD. The next theoretical analysis (see Section 2.1) will draw the following conclusions: since the transmission and reflection characteristics are not the same in most cases, the energies of reflection and transmission are different, and the characteristics of the two bright spots, such as the gray scale and shape, also differ. Assuming that the illuminance near the LID on the exit surface is E ex (x, y), the corresponding illuminance on the CCD is e ex . The illuminance near the LID on the input surface is E in (x, y), and the corresponding illuminance on the CCD is e in .
For the LID on the exit surface, the region of the LID is A ex , the area is S, and the luminous flux scattered outward is ex . According to the mean value theorem for integrals, there exists a certain position (X, Y)∈ A ex , which allows us to write the following equation:
In general, the size of LID is represented by d ECD ; thus, S = π(d ECD /2) 2 . The light received by the CCD is converted to the gray value of the image. When the gray scale quantization does not appear saturated, assuming that the relationship between the gray level I of the CCD and the illuminance e is I = g(e), its inverse function is e = g −1 (I ) = f (I ). The luminous flux received at the CCD is ϕ ex , the imaging region on the CCD is a ex , R ex denotes the discrete region of a ex , and s pix is the pixel area; thus, we can obtain the following equation:
Assuming that the ratio of the luminous flux entering the imaging system and the luminous flux scattered from the exit surface LID is η ex , the attenuation of the lens is negligible; thus, η ex ex = ϕ ex . Then, we can obtain the following 30404 VOLUME 6, 2018 equation:
Similarly, the formula for calculating the d ECD of LID on the input surface can be obtained as follows:
where η in is the ratio of the luminous flux entering the imaging system and the luminous flux scattered from the input surface LID. Equations (3) and (4) can be rewritten in a more compact form as follows:
where
When the LID is located on the input surface,
, and R = R in . When the LID is located on the exit surface,
and R = R ex . The pixel area s pix can be found by consulting the CCD manual; thus, both s pix and π are predetermined constants. R can be obtained in the FODI image by using the LASNR algorithm [21] . Equation (5) shows that if we want to measure the damage size based on the information in the FODI image, then we need to know the following preconditions and parameters: the LID is located on the input surface or the exit surface, η, E(X , Y ) and the expression of the function f (·). However, it is very difficult to obtain these preconditions and parameters. For example, the input and exit surface damage sites cannot be identified by the human eye when they appear in the FODI image simultaneously. In Section 2.A, we will draw another conclusion from the following analysis: the parameter η in Equation (5) is a variable rather than a constant value, which leads us to being unable to solve for the size of damage in FODI images according to Equation (5) . It is also very difficult to obtain the exact expression of the function f (·). In addition, when the CCD gray scale quantization appears saturated, the above formulas are no longer valid. In this case, it is more difficult to establish the analytical physical model to solve for the damage size.
A. LIGHT SCATTERING CHARACTERISTICS OF LID
For most of the pit-shaped damages in the SG-III FOA, our experimental results indicate that the depth h is generally approximately one-fifth of the diameter d [22] , [23] , assuming that two types of pit-shaped damage are present, as shown in Figs shows an actual damage pit measured by a microscope and its sectional profile.
In the inspected optic, we selected a very small fused silica region with a size of 114 µm × 240 µm, and the simulation area is 340 µm × 170 µm. The amplitude of the illumination light at the damage site is assumed to be 1.0, and the incidence angle range is assumed to be 0 -23.24 • . The finite-difference time-domain (FDTD) numerical calculation of Maxwell's equations (Lumerical Solutions Inc., Vancouver, Canada) is used to calculate the distribution of the electric field intensity near the LID [24] - [26] , and the simulation boundary condition is set as a perfectly matched layer (PML) boundary in a vacuum environment. Let m = 66 µm and n = 157 µm; we select x = −n, x = −m, x = m and x = n as four positions near the LID. The electric fields at x = −m and x = −n can represent the electric field intensity distribution at the different locations near the input surface damage, and the electric fields at x = m and x = n indicate the distribution of the electric field intensity at different locations near the exit surface damage. Fig. 8 shows the distribution curves of the electric field intensity at the different positions near the input and exit surface damages.
As shown in Fig. 8 , the light scattering characteristics of the input and exit surface damages are different. For simulation convenience, we set the LID at the center of the surface of the inspected optic, that is, (X , Y ) = (0, 0). Therefore, the center of the LID, the center of the FODI camera lens and the center of the CCD surface are all on the main optical axis of the imaging system. The distance between the inspected optic and the FODI camera lens is 3.7 m, and the distance between the FODI camera lens and the CCD surface is 126.77 mm. The far-field intensity distributions at the FODI camera lens are simulated using the FDTD method. The Fourier optical angle spectrum theory (AST) can be used to further calculate the light intensity distribution at the CCD surface [27] , [28] , and the simulation results are shown in Fig. 9 . 9 shows that when the coordinates (X , Y ) of the damage are determined, E(X , Y ) is related to which surface the damage is located on. When the shape of the damage changes, such as the smooth pit, burr pit and the actual pit, the formation of the image on the CCD will also change. Through the above simulation results, we can obtain the luminous flux ϕ at the CCD and the flux near the damage; then, we calculate the ratio of the two luminous fluxes, η=ϕ/ , where ϕ denotes the sum of light intensity at the CCD surface, and denotes the sum of light intensity at the position of x = m or x = −m near the LID. The calculation results are shown in Table 1 . Table 1 shows that η is a variable not only related to the morphology of LID but also the located surface, and it is equivalent to adding some hyperparameters in Equation (5), resulting in the formula no longer having an explicit analytical expression. In other words, it is difficult to obtain an analytical physical model for measuring the size of LID under inhomogeneous TIR illumination. From the above analysis, it can be found that the radiometric method cannot accurately calculate the size of damage under the condition of inhomogeneous TIR illumination (as shown in Fig. 4) , and it is also difficult to establish an analytical physical model for measuring the size of LID by optical theory (as shown in Equation (5) and Table 1 ). Therefore, we need to search for other approaches to solve for the size of LID, such as machine learning.
B. THE MATHEMATICAL MODEL FOR PREDICTING DAMAGE SIZE
HK-ELM is a fast machine learning method for deep feedforward neural networks. The purpose of HK-ELM is to establish a regression model by learning the training samples. It is easier for deep networks to learn complex mappings or functions than single-hidden-layer networks. HK-ELM consists of two parts: unsupervised multilayer feature encoding (ELM sparse autoencoder) and supervised feature regression (K-ELM). The structure of HK-ELM is shown in Fig. 10 . The ELM sparse autoencoder is applied to generate more sparse and meaningful hidden features or attributes, and these generated hidden layer features are conducive to the regression of the objects [16] . According to Huang et al.'s theory [17] , [29] - [34] , K-ELM has universal approximation capability, it can approximate any continuous target function, and it can be used to establish a regression model for these generated hidden layer features and the damage size. The relationship between the damage site in the FODI image and its actual size can be considered as a function. Although it is difficult to establish this function using optical theory, it does exist objectively. Scientists at LLNL found that each damage site can be characterized by a series of attributes retrieved from the FODI image [9] , [11] . Meanwhile, appropriate feature selection can also play a role in data dimensionality reduction. Thus, our problem is transformed into making the neural network in Fig. 10 learn a functional relationship between a series of attributes and its actual size.
For the damage site X (X ∈ R 16×20 ) in the FODI image, we use 25 operators f = [f 1 , f 2 , ..., f 25 ] to extract the 25 features; thus, we obtain the input data of the input layer as x = f(X) = [x (1) , ..., x (25) ], where x (i) = f i (X), i = 1, 2, ..., 25. We use x [i] to denote the input data of the i-th layer, h [i] to denote the output data of the i-th layer, and n i to denote the number of neurons in the i-th layer, i = 0, 1, 2, ..., N +2; to keep the format consistent, x = x [0] here. The input weight β [0] is the connection weight between the input layer and the first hidden layer, the hidden weight β [i] is the connection weight between the hidden layer i and the hidden layer i+1 (i = 1, 2, ..., N ) , and the output weight is
The final output is a scalarŷ. Thus, we have
∈ R n i ×n i+1 . The learning algorithm of the ELM sparse autoencoder is as follows:
The weight β [i] * can be solved according to the following optimization problem (i = 0, 1, ..., N ):
where M is the number of damage sites in the training data set. We use f [i] (·) to denote the activation function in the i-th
.., M ), and g [i] (·) is the decoding function in the i-th layer; it is also an activation function.
is the coefficient for the L 1 norm regularization, and it is a user-specified parameter. The activation functions could be, but not limited to, the following: 1) Sigmoid function
2) Hard-limit function
3) Hyperbolic tangent function (tanh function)
Equation (6) can be solved by the fast iterative shrinkagethresholding algorithm (FISTA) [35] .
The mathematical expression of K-ELM is as follows [17] :
where z is the vector to be input to the K-ELM,
; z i is the output of the training sample x i after passing through the ELM sparse autoencoder, and
2 ) is the kernel function in the neurons inside the kernel layer (or hidden layer N +1), and γ is a constant. I is a unit matrix, and C is a constant. train is the kernel matrix, and the elements in the kernel matrix are ( train ) i,j = K (z i , z j ), (i, j = 1, 2, ..., M ), where M is the number of training samples. T = [y 1 , y 2 , ..., y M ] T is a column vector composed of the regression labels of the training samples. Several commonly used kernel functions are as follows [30] :
1) Gaussian kernel function
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2) Laplacian kernel function
3) Polynomial kernel function
According to Equation (10), the output of the kernel layer (the hidden layer N +1) can be obtained.
The output weight
There is no activation function in the neurons inside the output layer. Finally, the output scalarŷ
The learning model of HK-ELM can now be summarized as follows: (1). According to Equations (6) and (15), we can solve for the parameters β
[i] (i = 0, 1, ..., N+1) of the neural network based on the training samples. (2) . The damage sizes of other unknown samples can be predicted according to the following equations:
h [1] = f [1] (x [1] ) ...
III. EXPERIMENTAL RESULTS AND ANALYSIS
We selected 3 large-aperture final optics vacuum isolators with a large amount of LID from the SG-III FOA, and we took online images of these vacuum isolators with the SG-III FODI system, as shown in Fig. 1(c) . Then, we removed them from the FOA and used a microscope to measure the morphology of each LID and calculated their d ECD , as shown in Fig. 1(b) . The process of measuring actual size is as follows:
We use a microscope to measure the actual sizes of the damage sites on the 430 mm × 430 mm testing samples. The microscope is shown in Fig. 11 , and it mainly consists of two parts: the motion system and the observation system. The ranges of the motion system are 0 ∼ 600 mm in the X-axis direction, 0 ∼ 600 mm in the Y-axis direction and 0 ∼ 150 mm in the Z-axis direction. With the help of the motion system, we can move the observation system to the location where there is a damage site on the surface of the testing sample. The coordinates (X, Y, Z) of the damage site on the optic surface can also be recorded by the motion system. According to the value of Z, we can determine the surface where the damage site is located. As shown in Fig. 12 , the Z values of these two damage sites are different, which means that they are located on two different surfaces of the testing sample.
Suppose that the coordinates of the damage site in the motion system of the microscope are (X M , Y M , Z M ) and that the coordinates of the damage site in the FODI image are (X F , Y F ). The transformation between the two coordinate systems can be achieved by a geometric transformation. For example, in the experiments, we use an affine transformation to achieve the transformation between (X M , Y M ) and (X F , Y F ). The transformation is as follows:
where the parameters (t x , t y ) denote the changes in shifting motion. The parameter a i (i = 1, 2, 3, 4) denotes the changes in scaling and rotation. Using geometric transformations, 30408 VOLUME 6, 2018 offline sample data and online sample data can quickly be matched. Suppose that we use w (µm) × h (µm) to denote the scanning area of the microscope image. We use W × H pixels to denote the size of the microscope image. We use A to denote the area in pixels of the damage site. As shown in Fig. 12 , the actual size y of the damage site can be obtained as follows:
An FODI image is generally considered to be the superposition of the signal image and the noise image. The signal image can be obtained by processing the FODI image with a Gaussian high-pass filter, the noise image can be obtained by processing FODI images with a Gaussian lowpass filter, and the LASNR image can be obtained by dividing the signal image by the noise image [7] , [33] . Each LID in the FODI image is represented by the feature vector x = f(X) = [x (1) , x (2) , ..., x (25) ] consisting of multiple attributes [9] - [11] , [36] , and the meaning of each attribute x (i) is shown in Table 2 . Of these 25 attributes, the attributes [x (1) , ..., x (16) ] are proposed by improving the attributes in [11] , which can be used to characterize the input and exit surface damage sites; combining the first 16 attributes, the latter 9 attributes [x (17) , ..., x (25) ] are proposed primarily to assist in predicting the damage size. HK-ELM uses these 25 attributes simultaneously, simplifying the calculation process of the model. It avoids the complicated process of separately performing damage classification and size prediction.
In our experiment, a total of 890 samples were randomly selected on these inspected final optics vacuum isolators to form a data set T = {(X i , y i )|X i ∈ R 16×25 , y i ∈ R, i = 1, ..., P}; here, y i is the d ECD of the i-th LID. It is measured by a microscope, and we call it the actual size of the LID, P = 890, and the d ECD range is 50 -750 µm. We randomly divided the data set T into two parts: the training data set
The numbers of neurons in the i-th layer are n 0 = 25, n 1 = 240, n 2 = 240, n 3 = 500, n 4 = 445, and n 5 = 1. We choose the tanh function as the activation function in the ELM sparse autoencoder, and we choose the Gaussian kernel function as the kernel function in the kernel Layer. All the user-specified parameters are set as follows:
= 1 × 10 −3 (i = 0, 1, 2, 3), C = 1, and σ = 1.49. First, the HK-ELM was trained on the T train . Second, the trained HK-ELM was used to predict the damage size on the T test . Finally, on the T test , the MRE between the predicted size and the actual size was used to reflect the performance of HK-ELM. For comparison, the radiometric method, K-ELM and PCA+K-ELM were trained on T train and then tested on the T test . Since the precondition for our experiment is inhomogeneous TIR illumination and since the scientists at LLNL did not disclose the detailed process for homogeneous TIR illumination, the radiometric method under the condition of homogeneous TIR illumination is not discussed in this paper. Here, PCA is the abbreviation for principal component analysis. PCA is an unsupervised learning algorithm. It learns a representation that has lower dimensionality than the original input [14] . The goal of PCA is to generate a set of mutually uncorrelated new features [called principal components (PCs)] arranged in order of importance from the original correlated features. The PC ξ i can be expressed through the linear combination of original features as follows [10] :
where w i = [w 1,i , w 2,i , ..., w 25,i ] T and ||w i || = 1. We let W = [w 1 , w 2 , ..., w n ], and w T i w j = 0 (if i = j). w i can be solved according to the following optimization problem:
wherex is the mean vector of the samples. According to equations (20) and (21), the new feature ξ i computed here is called the i-th PC (PC i ). The contribution rate of each new feature is calculated by λ i / n i=1 λ i , where λ i is the covariance of the i-th new feature. The new features are sorted in order of contribution rate. In general, when the front several PCs account for over 95%, the remaining new features can be omitted in further analysis since the new features with small contribution rates only reflect the random noise in the data [10] . The PCA results for the feature set [x (1) , ..., x (25) ] are shown in Fig. 13 . Fig. 13 shows that the cumulative contribution of the front 6 PCs has reached 95.73%, which means that the front 6 features represent most of the information of the damage sites; thus, we can use [ξ 1 , ..., ξ 6 ] rather than [x (1) , ..., x (25) ] to represent damage sites. [ξ 1 , ..., ξ 6 ] is used as the input of K-ELM. By learning the training samples, we can establish a regression model from [ξ 1 , ..., ξ 6 ] to the damage size. This process is named PCA + K-ELM.
On the testing data set, the predicted sizeŷ i obtained by the four methods and the actual size y i are shown in Fig. 14, and the MREs of the four methods in each subinterval of damage size are shown in Fig. 15 . 14(c) show that the results of K-ELM and PCA+K-ELM are similar. For the problem in this paper, PCA mainly serves to reduce the data dimension, and the effect of noise reduction is very limited. Fig. 14(d) shows that the prediction error of HK-ELM is very small in the entire testing interval; compared with the PCA+K-ELM method, the ELM sparse autoencoder is more effective than the PCA in extracting the valid feature information in the data set, and it is better in terms of noise reduction. Thus, the final prediction accuracy of HK-ELM is also higher.
As shown in Fig. 15(a) , the radiometric method has the largest MRE among the four methods, and it is only suitable for roughly measuring the size of LID under inhomogeneous TIR illumination. Figs. 15(b) and 15(c) show that there is little difference between the two methods of K-ELM and PCA+K-ELM in terms of the measurement accuracy of damage size. Fig. 15(d) shows that the MRE of HK-ELM is the lowest. For the LID with a size smaller than the FODI resolution, it can also achieve an ultra-resolution measurement, which meets the requirement of the quantitative detection of the damage size in large-aperture final optics with inhomogeneous TIR illumination.
Finally, we define the contribution rate (Cr) to represent the contribution for each attribute x (i) in the HK-ELM model.
where Cr[x (i) ] denotes the contribution of attribute x (i) . MRE(x) denotes the MRE calculated in the presence of 25 attributes. MRE[x x (i) ] denotes the MRE calculated when removing the i-th attribute from the 25 attributes. For each size range, the contribution of each attribute is shown in Fig. 16 . In each size range, the Cr in Fig. 16 Fig. 16 shows that the contributions of these attributes vary. The contribution of the same attribute also varies within different size ranges. For example, when predicting the size of a small LID, the contribution of x (1) is 0.05; when predicting the size of a large LID, the contribution of x (1) will increase to approximately 0.10. Compared with x (1) , the contribution of x (2) shows the opposite trend. Overall, the six attributes [x (1) , x (2) , x (10) , x (12) , x (21) , x (22) ] (called the main attributes) contribute more to predicting damage size than the other attributes (called the auxiliary attributes).
From the above analysis, it can be observed that the advantage of machine learning is that it takes multiple variables into account to establish a regression model for predicting damage size. It can overcome the limitations of single variables. Although the contribution of each variable to the results is different, using them in combination can still achieve satisfactory results.
IV. CONCLUSION
The HK-ELM method proposed in this paper solves the problem of measuring the size of LID under the condition of inhomogeneous TIR illumination. First, this paper determines the limitations of the radiometric method in inhomogeneous TIR illumination, and it is difficult to obtain an analytical physical model for the size measurement of LID in such a condition. After analyzing the light scattering characteristics of the LID by FDTD, it is concluded that the measurement of damage size should take machine learning into account. Second, the HK-ELM method is established to predict the damage size. HK-ELM takes the multiple attributes of the LID in the FODI image into account, and it constructs them into a feature vector as the input data of the model. HK-ELM extracts more compact and meaningful features of the input data by the ELM sparse autoencoder, and then by placing them into K-ELM and using the powerful regression ability of K-ELM, we are able to predict the damage size. Finally, the HK-ELM was experimentally verified on the testing data set, where the d ECD range is 50 -750 µm. The experimental results show that it can achieve ultra-resolution measurements, and the MRE of HK-ELM is less than 5%. Compared with the traditional methods, the HK-ELM method can effectively improve the measurement accuracy. CHENGCHENG WANG is currently a Professor and the Project Administrator of the SG-III laser facility, China Academy of Engineering Physics, China. He is mainly engaged in the research of high power solid laser amplifier technology. In the military science and technology progress award, he received the first prize once, the second prize five times, and the third prize four times. He received the Jiaxian Deng Youth Science and Technology Award once in China Academy of Engineering Physics. VOLUME 6, 2018 
